Abstract-The Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) has been run more than five years, and one of its payloads-the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP)-can offer global atmospheric vertical profiles, resulting in it being widely used in aerosol research. Because the Lidar ratio is an important parameter for aerosol parameter retrieval and the choice of the Lidar ratio needs confirm the type of layers (aerosol or cloud), the data process cannot do without accurate and efficient aerosol and cloud classification. Initially, we found the classification errors existed in PDF version 1 data, so we introduce the SVM classifier to improve the accurate of thick dust and cloud classification. Despite NASA issued the PDF version 2 and improve the correct rate greatly, but we cannot ignore SVM advantages. Therefore in this paper, to continue the former study, we will not only validate the feasibility of this method (especially in dust source areas), but also make a thorough study of classification result effected by different feature vectors and samples. Through the accuracy testing we found, with the increase of the number of samples, SVM have the better result, and the feature space which include depolarization ratio have the more stable result. Though we validated the advantage of SVM, but if we want to use this algorithm in global scale or the whole process of dust deposition, there are still some improvements we need to do. To obtain the thinking of algorithm revision, we using MODIS, HYSPLIT, and CALIPSO products in a dust storm and observe its transmission, then the deficiencies of SVM can be found when compare with PDF version 2. Indeed PDF considered the regional variation, with this transmission of dust storm we need adjustment training samples and hyperplane of classifier. The diversity between SVM and PDF will be applied in the future research as the reference to make the new algorithm more robust and accurate.
I. INTRODUCTION

I
N China, dust storms usually occur during springtime where the dust is generated in the western deserts, transport nearly 10,000 km, with the dust particles settling out over the northern Pacific Ocean. In recent years, the source regions of dust storms in China include Sinkiang, Kansu, and Inner Mongolia. The dust not only affects agricultural production and transportation in northern China but also influences the global climate by scattering and absorbing solar radiation, and emitting and absorbing long-wave radiation [1] . Furthermore, dust aerosols can also change cloud properties, including the size and concentration of cloud droplets which can suppresses precipitation [2] , [3] . Therefore, it is important to study dust aerosol optical and microphysical properties. Until now, many studies have been carried out including the use of ground-based Lidar and sun-photometer observing networks as well as spaceborne passive observations. These include the European Aerosol Research Lidar Network to Establish an Aerosol Climatology (EARLINET), the AErosol RObotic NETwork (AERONET), and the Moderate Resolution Imaging Spectroradiometer (MODIS) [4] - [6] . However, most ground-based observations are restricted to a limited area, and the satellite data cannot accurately describe the vertical distribution, concentration level, and diffusion. The CALIPSO satellite solves this problem since it uses spaceborne Lidar in order to observe atmospheric aerosol as well as gives precise information on the cloud tops. Using a laser, we can obtain the vertical profiles of the elastic backscatter of the particles [7] , [8] .
CALIOP data have been used to study the long-distance transmission of dust aerosols and improved the accuracy of some model by data assimilation [9] , [10] , the occurrence of Tibetan dust plumes [11] , the Saharan dust migration [12] , the height-resolved global distribution of dust aerosols [13] , and Taklamakan dust aerosol radiative heating [14] . In addition, Kim et al. confirmed that the CALIPSO algorithms can reliably discriminate between clouds and aerosols, and detect their layer top and base altitudes compared with using ground-based Lidar data [15] .
In sprite, the practicality of CALIPSO has been validated, but there are still more room exist to improve and optimize the algorithm. In early stage, Chen et al. pointed out that the former dust layer detection (PDF Version 1) from the CALIPSO method (based only on Lidar measurements) misclassified roughly 43% of dense dust layers as cloud layer over the Taklamakan Desert [16] . At present there were a small quantity of cases dealing with erroneous cloud and aerosol classifications in the current (as of this writing) CALIPSO data release (PDF Version 2) [17] , the traditional method developed by NASA employs multi-dimensional probability distribution functions (PDFs), and the feature vectors include integrated attenuated backscatter, integrated color ratio, integrated depolarization ratio, layer top and base altitude, even the information of latitude [18] . However, the traditional PDF need a large number of samples, and the multi-modal distribution of cloud attenuated backscatter coefficients cannot be simulated easily. Therefore, the complexity of the algorithm does not decrease, and we have the idea to optimize the algorithm.
The initial theory preparations have been completed and we validate that the Support Vector Machine (SVM) can correctly classify cloud and aerosol layer by analyzing two cases [19] . In this paper, we hope to have a clearly understand of the feature space and training sample influence on classification, because the largest difference between PDF Version 1 and Version 2 is the dimension of feature vector, the detailed description of SVM and analytical result of dust aerosol will be given. Finally, we illustrate the difference between these two algorithm, the defects of SVM and its future developing trends. Section II presents the principle of classification algorithm, including the PDF and SVM, and subsequently details the feature vectors calculation function and their meaning. The performance of this method, the comparison of the PDF Version 2 and MODIS images, and a multi-layer dust layer scene are all described in Section III. The temporal variation of the dust layers and their physical characteristics are also discussed in this section, through this discussion, we can find the problem exist in SVM. Section IV discusses the conclusion, including the deficiency in this current method and the summary of dust shape and size character during its long-distance transport where we denote a rectangular transport region bounded by 90 -140 E longitude and 24 -42 N latitude, all of this work will be used as the reference which direct the future work.
II. RETRIEVAL ALGORITHM
A. Satellite Data
The CALIPSO satellite is one of the afternoon satellite constellations (A-Train) which consists of several Earth observation satellites maintained in sun-synchronous orbits at an altitude of roughly 700 km [20] . They are spaced a few minutes apart from each other such that they are considered as providing synchronous observations. CALIOP is unique in its ability to measure high-resolution vertical profiles of both clouds and aerosols within the Earth's atmosphere all over the world [21] . The CALIOP Level 1 major data products is a set of calibrated profiles of total attenuated backscatter at 532 nm and its perpendicular component and attenuated backscatter at 1064 nm. The CALIOP Level 2 data products include aerosol, cloud layer and profile products. The parameters released in these products include, vertically resolved aerosol and cloud layers, extinction, optical depth, aerosol and cloud type, cloud water phase, cirrus emissivity, and so on [22] . At present, more satellites and more data we can obtain, and the combination of these data may provide more information [23] , so in this paper, we use the CALIOP Level 2 data and MODIS remote sensing image. We first use the Level 2 data to record the layer (5 km resolution, because the higher resolution layers are identified as the cloud directly) top and base altitude, integrate the depolarization and color ratios, then execute the classification by SVM. Using these methods, the profile is then calculated by averaging 15 original profiles. The structure and feature of CALIPSO data is presented in Table I . Aqua is another satellite in the A-Train constellation with MODIS (The MODerate resolution Imaging Spectro radiometer) being one of its instruments. MODIS views the entire Earth's surface every 1-2 days and acquires data in 36 spectral bands (see the MODIS Technical Specifications). The data will improve our understanding of global dynamics and processes occurring on the land, in the lower atmosphere, and in the oceans. MODIS is plays a vital role in the development of validated global interactive Earth system models that is able to predict global changes and accurately assist the policy makers in making sound decisions concerning the protection of our environment [21] . MODIS images are published on the NASA's Earth Observatory when "extreme weather events" occur, so it used to aid in verifying the correctness of SVM and PDF by unaided eye observation.
B. CALIPSO Classification Algorithm
NASA feature classification methods go through two stages. The first stage uses probability distribution functions (PDFs) to classify whether the feature is a cloud or an aerosol layer. After this step, a more meticulous classification is done. If the layer is an aerosol then the aerosol model is used to identify its type whereas if the layer is a cloud, then the depolarization channel discriminates the phase of the cloud. In this paper, we discuss the first step, which is the pivotal step for aerosol and cloud classification. The traditional algorithm is a 3-D PDF approach, utilizing the layer mean attenuated backscatter at 532 nm, the layer-integrated 1064-nm to 532-nm volume color ratio, and the mid-layer altitude. The main idea and method of the 3-D PDF approach introduces a multi-dimensional confidence function (1) where is the noise-affected PDF for the th class. However, this paper only considers two classes (aerosol and cloud). The quantity is the number of available tests, and is the value of a given test attribute used to classify the feature. For the CALIPSO cloud-aerosol discrimination task, can represent the attenuated backscatter, attenuated volume color ratio, height, etc., because is the total number of events for the th class with therefore being a scale factor that quantifies the relative occurrence frequency of the two classes [18] (see flowchart in Fig. 1 for further detail). In 2009, NASA improved the former algorithm implemented the Version 2 algorithm with the major difference being due to the treatment of feature space dimensions. It adds the depolarization ratio and latitude information, because the dust sources most likely originate from some part of Asia and Africa. Recent offline tests have shown that the addition of the volume depolarization ratio can effectively distinguish dense dust layers from clouds at lower altitudes.
C. Identification of Aerosol and Cloud Using SVM
Though Liu's paper [17] shows how the CALIPSO classification method (Version 1) is more accurate than the GLAS (Geoscience Laser Altimeter System) method when dust aerosols do exist, he also reminds us that if a strong dust storm is present some problems are still not resolved. For instance, it is likely that the CALIPSO PDF Version 1 algorithm will mistakenly classify a dust layer as a cloud layer. The PDFs used in the first data release were developed based on airborne Lidar measurements and measurements obtained during the Lidar In-Space Technology Experiment (LITE) [32] . A new set of PDFs has been developed based on a manual classification of one full day of CALIOP measurements and is used in the current CALIOP data release (Version 2). In addition, a new depolarization ratio test has been incorporated into the Version 2 CAD algorithm [17] . Moreover, his paper states that the color ratio of cloud and aerosol follows a normal distribution, the attenuated backscatter of aerosol follows the log-normal distribution, but the cloud backscatter coefficients employ a multi-modal distribution [23] . We have mentioned that the multi-modal form is difficult to simulate as the computational demand using many training samples is large.
Support vector machines (SVMs) [25] are powerful tools for data classification. SVMs have been successfully applied to a wide range of pattern recognition problems, including handwriting recognition, object recognition, speaker identification, face detection, and text categorization [26] . Furthermore, SVMs appear to be especially advantageous in the presence of heterogeneous classes for which only few training samples are available [27] .
SVMs are a class of supervised learning algorithms first introduced by Vapnik [28] . Given a set of labeled training vectors (positive and negative input examples), SVMs learn via a linear decision boundary to discriminate between the two classes. SVMs have exhibited an excellent generalization performance (accuracy on test sets) in practice and have strong theoretical motivation in statistical learning theory. For the linearly separable problem, after finding the support vector, the maximal margin (or the hyperplane) is also defined. Vector w is a vector normal to the hyperplane. is an n-dimensional real vector, , where is a real number. Each represents a feature layer and belongs to a class (cloud or aerosol). In this study, is the observatory value from CALIOP which could include the layer altitude, attenuated backscatter, color ratio and so on. Consider a dot product space, , in which the samples are embedded, . Any hyperplane in space can be written as
The dot product, , is defined by
A training set of samples is linearly separable, if there exists at least one linear classifier defined by the pair which correctly classifies all training patterns. This linear classifier is represented by the hyperplane and defines a region for class 1 samples and another region for class 1 samples, when . After being trained, the classifier is ready to predict the class membership for new samples different from those used in training. The classification of samples depends only on the sign of the expression [29] , [30] . For the linearly separable case, the hyperplane can be defined as and . The two equations can then be combined as (4) adding the constraint:
, the corresponding Largrangian function is
The saddle point of would make and have the minimum and have the maximum. At the saddle point, the derivation of is zero,
Then and , and the optimization problem can be translated as (8) The Lagrange multipliers can be estimated using quadratic programming method. Then the discriminant function becomes (9) It depends the training samples. But in most cases, the data are linearly nonseparable and slack variables are introduced. The constraint then becomes (10) Using the parameter to solve for the maximized geometrical margin can be difficult so a necessary adjustment to this method involves using the expression, , where the constant represents a regularization parameter that allows to control the penalty assigned to errors which will in turn optimize the calculation.
For the nonlinear case, the nonlinear function can be used to transform the data into a higher dimensional feature space. The discriminant function becomes (11) is the kernel method, , replacing the inner products in the original space with inner products in the transformed space . Kernel functions are very important parts of discriminant functions. In this paper we choose the radial basis function (RBF) where is the parameter controlling the width of the Gaussian kernel. The accuracy of classification by an SVM is dependent on the magnitude of the parameters and . In this paper, the combination of and was checked by cross validation, if the parameters with the best cross-validation accuracy, then they will be selected. The value of these two parameters will be discussed in detail in the upcoming sections.
In this paper, the data include only cloud and aerosol types and the feature spaces. Unlike the hyperspectral image, only five dimensions can be chosen as the input spaces. The feature spaces include attenuated backscatter, color ratio (obtained by dividing the 1064-nm corrected attenuated backscatter coefficients by the corresponding 532-nm corrected attenuated total backscatter coefficient), depolarization ratio (obtained by dividing the perpendicular channel attenuated backscatter coefficients by the corresponding parallel channel attenuated backscatter coefficients), and the layer top and base. Equations (12)- (17) are used to obtain the layer features. Function (12) is the definition of the layer integrated attenuated backscatter, need pay attention, we use represent the integrated attenuated backscatter which is different with the regularization parameter , functions (13)- (15) are the corresponding calculation processes.
(12)
Functions (16)- (17) are definitions of the layer integrated volume depolarization and integrated attenuated total color ratio .
where is the attenuated backscatter of particles, is the two-way transmission, is the height of each signal, is the distance between two points. Furthermore, subscripts , , and denote particles, wavelength, and serial number of each signal point in one layer, respectively.
Next we implement the classification scheme by combining different features. Many studies point out that the higher dimensionality do not necessarily yield better results, especially when both the dust aerosol and thick cloud have higher depolarization ratios. Therefore, in the next section we will discuss the parameter setting of our classifier and the effect of number of training samples on classification result and feature vectors selection.
III. EXPERIMENT AND RESULT
In this section, we discuss the classification result influenced by sample quantity and feature vectors, especially the effect of depolarization ratio. Particularly, as the PDF is developed by NASA team, they use huge amount of data and analyze the global aerosol, through adding the latitude information and using the typical regional samples to make the PDF version 2 global applicable. In this paper, we introduce a new algorithm which only considered the dust aerosol and cloud classification, and the different aerosol have different physical characteristic, so the study area only concentrated in the North China. In addition, in view of the observation modes restriction (laser beam), the dust storm event we analyzed are chosen from NASA website which observed by the MODIS/Aqua image, but the covering area of MODIS is much larger than CALIPSO, finally the cases we can choose is few. In March 2010, a large dust storm These not only include the dust source area, also include the area where dust storm passed through, we discover the differences exist between PDF and SVM, and as the time passes the diversity are more obvious. All of these data will become the important reference to help us improve the SVM in the future.
A. Experiment One: SVM Classification
Our former study [19] , as well as other research [16] , discovered that there are some classification errors in the PDFs used in the NASA Version 1 algorithm. Previous studies have validated SVM as a practicable solution. The former samples included three types: aerosol, thick cloud and thin cloud with the data sets of each layer detected by Lidar profiles which include: March 2, 2008 (28-34 N) March 19, 2008 (24-30 N) and March 25, 2008 (42.5-44.8 N) respectively. We first download the 5 km Level 2 cloud and aerosol product and choose the total training sample and test samples from these records. All samples are chosen in the spring month, which coincides with the peak dust activity period. We note that the classification method of dust in the Gobi (March 30, 2007) and Taklimakan deserts (May 10, 2007) yielded reasonable results which allows us to further analyze the performance of SVM and use it to identify the multiple layers.
To start, we use previous sample data from our former study with the total sample size being 1061 samples where the aerosol layer was sampled 302 times and the cloud layer having 759 samples. Liu's paper [17] shows that the occurrence probabilities of cloud is higher than aerosol all over the global wide, so we choose the training samples that obey this rule. In this study, we did four group experiments where the total number of training samples were 40 (aerosol: 15, cloud: 25), 120 (aerosol: 50, cloud: 70), 200 (aerosol: 80, cloud: 120) and 280 (aerosol: 100, cloud: 180), respectively. Remove the training samples, the rest are the test samples. The feature vectors are: 1) IGBP (International Geosphere-Biosphere Program) surface type; 2) integrated color ratio; 3) integrated attenuated backscatter; 4) integrated depolarization ratio; 5) layer top altitude; and 6) layer base altitude. Since the one time random selection of training samples can influence the representativeness of each feature space, each group selects fixed quantitative training samples from the data set 10 times randomly, and the mean value of its overall accuracy is shown in Fig. 2 . Because the former experiments show feature 1 (IGBP) cannot improve the classification result, this feature is not in use any longer.
By comparing the different feature vectors and samples quantity, it is obvious that the sample quantity directly influences the accuracy of classification. We see the result of 2345 is not always accurate as when using different sample quantities, the results changed so abruptly that this feature space is not considered in our classification method. Using the 2356 case was also just as unreliable. In contrast, the 2346 and 23,456 classification results were more agreeable and we choose to use them in our method as these results led to a more stable and finer classification (the 23,456 5D feature space will be used in future classifications). At the beginning, we calculate the SVM classifier using a five-fold cross validation, cross validation technique can help us solve the problem and choose the optimal parameter of classifier. Five-fold cross validation is dividing the data set (training sample) into 5 subsets, and holdout method is repeated 5 times. Each time, one of the 5 subsets in used as the test set and the other 4 subsets are put together to form a training set. Then the average error across all 5 trials is computed. If the folds times are large, then the estimator will be very accurate, but the variance of the true error rate estimator will be large. On the contrary, the variance of the estimator will be small, but the estimator will be inaccurate. After the cross validation have end, we can obtain the parameters of the classifier, then we did the accurate testing by using the testing samples. Finally, through calculating and comparing, the parameters of kernel function given by the values of C (0.25) and (0.0078) have the best result.
Next we use the training sample as experimental data and perform the classification for the 22 April 2007. This case is chosen by observing data taken from the NASA web site (Earth Observatory), MODIS remote sensing image and CALIOP with the CALIPSO trajectory is shown by the straight gray line (see Fig. 3 ). The classifications using the NASA PDF Verision 1, Version 2 and SVM are shown in Fig. 4 . Between latitudes 36 -42 , the dust layers are apparent. By incorporating the Version 1 and Version 2 results, we find that the NASA 5D PDF algorithms outperform the 3D PDF and also correctly classify the lower dust layer as not being a cloud. But as previously stated, the SVM needs fewer samples and also avoids parameter estimations.
The most prevalent errors in PDF Version 1 algorithm are caused by dense dust and smoke either directly over or close to the source regions. Because the mean attenuated backscatter and mean attenuated total color ratio of these layer types are both relatively large, these features can be occasionally misclassified as cloud. The Version 2 PDF analysis of the 1-month data (July 2006), combined with corresponding CloudSat measurements, showed that the misclassification of dust as ice clouds is approximately 4% of the total observed features (i.e. clouds and aerosols). So we can presume that the Version 2 PDF is credible, and the SVM not only has the similar results but can also discern the dust layer at higher latitudes. We can therefore conclude that both former studies and this research validate the feasibility of using In the next section, we attempt to analyze a dust storm case using our modified SVM classification.
B. Experiment 2: Comparative Analysis of Larger Scale Between PDF and SVM
In the previous segment, we elaborate the sample quantity and feature vector influence on classification, and give a case comparing the result of SVM and PDF version 1 and PDF version 2, in the dust source area. Based on the advantage of SVM, we hope we can expand this algorithm in the global scale or at least observe Asian dust transport, semi-SVM maybe one effective method to improve the situation, but in this moment we need understand the not inadaptability of SVM when it is expand with the area. So in this part, we select a dust event case from the NASA website (19 March 2010) and then use the HYSPLIT trajectories to calculate the dust pathways over a time period spanning 20-22 March 2010 (the profile locations are shown in Table II ). Classification results acquired by PDF V3 and SVM Fig. 6 . The major difference between the SVM and PDF Version 2 techniques is the SVM cannot discriminate the dust layer at higher altitudes, especially in the immediate days after dust storm occurrence. Consequently, we know, though the SVM can increase the accuracy of cloud and dust aerosol classification in dust source region, but the long distances transportation and dust subsidence make the layer physical features change. We attempt to demonstrate this presumption through the exhaustive statistical analysis of the dust particle in the following figures and summarize in Table III .
In Table III , we can observe the differences between SVM and PDF. For example, on 19 March 2010, the differences between the mean value of cloud and aerosol depolarization ratio (or the mean value of cloud and aerosol color ratio) were not very conspicuous, but over the next few days, the difference became more evident. Aerosol identified by SVM usually has the large value no matter the depolarization ratio or the color ratio, but the cloud identified by SVM usually has lower accuracy than PDF Version 2.
In the next step, we try to examine the dynamic characteristics of dust aerosol by reporting the daily analysis of dust particle in the figures below. In Fig. 7 we learn the integrated depolarization ratio reduces with the time which means that during transport, the non-spherical characteristics of dust particle is lower than before. However, the integrated color ratio does not change severely. This could suggest that the bigger size particles were subsiding and fine aerosol are gradually changing into ice nuclei [31] . Fig. 8 gives an example of the macroscopical feature of the dust layer where layer height increases in these days while thickness is decreases (this is obvious between the first and the other three days). Both figures illustrate that the samples we selected in northwest China cannot cope with change, compared with Table III , we are assured the generalization ability needs improving. All of these statistical results are the reference which guides our further study, realizing large scale classification only by small samples.
IV. CONCLUSION
In this study, we introduced the SVM classification applied to cloud and aerosol discrimination. Different from the former study, this time we enhance the knowledge and research of SVM classifier. Although the PDF version 2 has been greatly improved, the advantage of SVM cannot neglect. Even dozens of training samples can make the overall accurate exceed 97.5%, and overall accuracy is not significantly affected by the depolarization ratio, but it can keep the stability of SVM classifier, in the end we choose the feature space which include this vector. Through this improved SVM classifier, we found this algorithm adequate in discerning between multiple layers of aerosol and cloud (especially dust layers) in northwest China. Through the use of SVM, we can avoid simulating the multi-modal distribution of cloud attenuated backscatter coefficients, and confirm that the best feature space should contain the attenuated backscatter, color ratio, depolarization ratio, layer top and layer base altitude in each layer.
We then chose one dust storm case (March 2010, north China), as the object of study, and focus on this area over the next few days using HYSPLIT and MODIS products. Through an intensive study, we are able to verify previous research claims that SVM has an advantage of accurately classifying dust aerosol layers within the source area. However, as time goes on, the accuracy decreases as the amount of dust aerosol within the region decreases. By comparing with the PDF version 2, we can find the adaptability of SVM is not good enough, the training sample selected in northwest China cannot meet the large scale analysis. In the future, we will give more attention on the generalization ability of classifier, the improvement of typical regional samples, as well as the adjustment of hyperplane, and then expanding the scope of the SVM application in global scale.
